Two views of a tumor

The Connection Between Gene Expression
and The State of a Biological System

Genomics and Cancer

Human tumors show great clinical heterogeneity,
even within well-defined subgroups

This clinical heterogeneity in tumors likely
reflects unrecognized molecular heterogeneity in
tumors

We can characterize this molecular heterogeneity
at the gene expression level with DNA arrays

The logical connection between gene expression
patterns and phenotype predicts a direct

connection between gene expression patterns and
their clinical nhenotune




Towards a clinically relevant
molecular taxonomy of cancer

» Access archived clinical tumor samples taken at or
near diagnosis from patients with well-
characterized subsequent clinical histories

Use DNA arrays to measure gene expression in
these samples

Look for new molecularly defined groups within
or between previously recognized groups of
tumors, especially groups with increased clinical
homogeneity

Look for direct associations between molecular
and clinical properties of tumors

Gene Expression and the State of Biological Systems

Transcription Control Regions Integrate Complex
Information Into Expression Level of Gene
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Normal and tumor tissue have
very different expression patterns

Broad patterns of gene expression revealed by clustering analysis
of tumor and normal colon tissues probsed by
aligonucleotide arrays

Known tumor subclasses can be
distinguished by their expression patterns

REFORTS
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Molecular portraits of
human breast tumours
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Distinct types of diffuse large
B-cell lymphoma identified

hy gene expresslnn prnﬂllng

Breast Cancer
Stanford/Norwegian Radium Hospital/NYU

Norway: Samples taken from same tumor at
diagnosis and after 16 weeks of chemo and
clinical followup

Stanford: Tumors, lymph-node metastases
and normal breast tissue, large and
clinically heterogenous collection of
archived samples with clinical followup




Breast Cancer:
Stage [ Array Studies

65 surgical specimens from 42 individuals
(predominantly ductal carcinomas)

20 before/after chemotherapy
2 tumor/lymph node metastases pairs
3 normal breast samples

19 cell lines

* Perou et al., Nature, 17/8/2000.

Multivariate Gene Expression Variation in Breast Tumors

Tumors —>
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Pervasive Gene Expression Pattern of Tumors are Distinct
and Consistent Over Time, Site and Following
Chemotherapy

i
i




“Intrinsic” gene set

5 predominant
classes of breast
tumors
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Breast Tumor Classes have characteristic characterized
by cell or tissue-type specific gene expression




T8 tumor specimens | 3 fibroadenomas | 4 normal breast samples
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Human Tissue Microarrays

ol 9L O

BCLZ staining
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Human Breast Tumor Microarray (600 specimens)
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Diffuse Large B-cell Lymphoma
Stanford/NCI/University of Nebraska

Most common form of non-Hodgkin’s lymphoma
(~40%)
Treated by combination chemotherapy regime

Although most patients respond initially, only 50%
achieve durable remission; the remainder succumb
to the disease relatively rapidly

Sub-classification has been unsuccessful

DLBCL Stage I Array Studies

Lymphoid targeted microarray (LymphoChip)
with 18,000 cDNA’s representing > 10,000
genes

42 DLBCL samples
11 CLL and 9 FL samples

GC B-cells, tonsils, resting and activated B and
T cells and transformed DLBCL cell-lines

¢ Alizadeh et al., Nature, 13/2/2000.
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CLL, FL and DLBCL are Readily Distinguished
on the Basis of Gene Expression Patterns

Proliferation

Germinal Center

Lymph Node
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An Oncologist’s View of B Cell Development

Myeloma \ Plasma

Early pre-B
ALL

Marginal Zone
Lymphoma

Diffuse Large Cell Lymphoma . Mantle
Burkitt’s Lymphoma Cell
High-grade Lymphoma, Burkitt-like Lymphoma
Follicular Lymphoma

Genes expressed Germinal Center
in germinal center
are differentially
expressed in
DLBCL

13



A set of genes is
poorly expressed
in samples with
high-level expression
of germinal center
genes and highly
expressed
in the complement

GCB
complement
genes are
activated
during in vitro
activation of
blood B cells

Germinal Center
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Classification of
DLBCL based on
expression of
germinal center
and activated blood
B-cell genes
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GC/ABC Distinction Associated with Significant
Differences in Outcome
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GC/ABC distinction is distinct and
complementary to best previously available
prognosticators
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GC/ABC Distinction NOT Dominant in Data
But Well Supported By Data
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Some problems are easy
Some are hard
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What Next

 Collect much more data
 Better integration with clinical databases

 Further analysis of the relationship between
gene expression and phenotype. How valid
is the concept of a tumor taxonomy? Is
every tumor a unique entity best understood
as a function of its own expression pattern.

Gene Shaving

* Goal is to find groups
of genes that are
coherent and have
high variance across
dataset
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Cluster Quality Measure

V Viy
R? =100 & = —X

v
Vi 1+ 2

VW
(1] - i 1.;.3_ ,.;F.-,
Sy28 28,28, 2::.285, 1:i .
NN
e C-Iulll-r.'p-lr:l -
Gap (k)=D,—Dj, o .« o
k = argmax, Gap(k) e 'M\

20



1)

Sangea rala

Ll

Lid e

Cloammer §

] A i}
u P Dl T

.\-
e
. 1\‘\
-\_\_\__\___
: W a0 0D

Chaadmr O Dhmier 1

L+ L=

Chiiler Siba

21



Supervised Shaving
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